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Abstract— Recently, LLM-powered driver agents have
demonstrated considerable potential in the field of autonomous
driving, showcasing human-like reasoning and decision-making
abilities. However, current research on aligning driver agent
behaviors with human driving styles remains limited, partly
due to the scarcity of high-quality natural language data from
human driving behaviors. To address this research gap, we
propose a multi-alignment framework designed to align driver
agents with human driving styles through demonstrations and
feedback. Notably, we construct a natural language dataset
of human driver behaviors through naturalistic driving ex-
periments and post-driving interviews, offering high-quality
human demonstrations for LLM alignment. The framework’s
effectiveness is validated through simulation experiments in
the CARLA urban traffic simulator and further corroborated
by human evaluations. Our research offers valuable insights
into designing driving agents with diverse driving styles. The
implementation of the framework' and details of the dataset’
can be found at the link.

I. INTRODUCTION

In the burgeoning field of autonomous driving (AV),
driver agents powered by Large Language Models (LLMs)
are demonstrating remarkable promise due to their excep-
tional planning[1] and reasoning[2], [3], [4] capabilities.
Researchers have delved into the development of intricately
designed driver agents that could perceive environmental
stimuli[5], [6], [7], comprehend the situation[8], fetch their
memories[9], [10] and deduce subsequent driving actions[11]
that mirrors human decision-making. Such human-like AVs
show promise in navigating a diverse range of driving sce-
narios [12], [13], enabling better anticipation of AV behavior
by other road users [14], while also enhancing human trust
in these systems [15].

However, aligning these driver agents with human driving
styles to imbue them with more human-like and personal-
ized characteristics remains unexplored. Prevailing strate-
gies for aligning LLM-based agents with humans, such
as fine-tuning[5], [6], [16] and the integration of expert
feedback[17], [18], are often hindered by their high costs.
Recently, some studies have leveraged Al to generate feed-
back or reflections[19], [20], [21], [22], yet they fall short
in aligning such reflections with human perspectives. On the
other hand, despite researches focusing on employing Al to
generate few-shot demonstrations[1], [23] for LLMs, another
challenge in enhancing agent-human alignment lies in the

lack of high-quality human behavior data in a form accessible
to LLMs, making it difficult for agents to learn from human
demonstrations. Existing datasets for autonomous driving
learning either provide only environment data for perception
tasks[24], [25], [26] rather than driving behaviors, or present
driving behaviors in non-linguistic modalities (e.g. trajec-
tories in maps[27], Controller Area Network Bus (CAN-
Bus) data[28], [29], in-car videos[30]) that are indirect for
LLMs to learn from. Thus, successful alignment requires
an approach that efficiently synchronizes LLM-based driver
agents with human driving styles, as well as a collection
of driving demonstrations across different driving styles in
natural language for LLMs’ comprehension and learning.

In this paper, we introduce a novel multi-alignment frame-
work that utilizes demonstrations and feedback to align driver
agents with human driving styles. Diverging from reliance on
human expert feedback or reflections from LLMs themselves,
our approach harnesses the few-shot learning capabilities[31]
of LLMs to create a Coach Agent that learns from human
demonstrations, evaluates past driving behaviors, and formu-
lates driving guidelines.

Moreover, to collect high-quality demonstrations for align-
ment, we compiled a dataset that encompasses driving be-
haviors from drivers with varied driving styles. A real-
world driving experiment was conducted, followed by a post-
driving interview, wherein we gathered and structured human
drivers’ decision-making data. Even though there are vision-
language datasets such as Reason2Drive[32], LingoQA[33],
and datasets focused on driving risks like DRAMA[34],
this dataset likely represents the first effort to meticulously
dissect human driving behaviors and articulate the driving
decision-making process in a natural language format.

We validate our work through both simulation experiments
and human evaluation surveys, demonstrating that our multi-
aligned framework effectively creates driver agents with
distinct driving styles that are not only statistically sound
but also distinctly perceptible to humans.

The contributions of this paper are summarized as follows:

o A multi-alignment framework that can align LLM-based
driver agents with human driving styles.

o A dataset of human driving behaviors in natural lan-
guage format.

o Comprehensive validation through both simulation ex-
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II. MULTI-ALIGNMENT FRAMEWORK

Fig. 1 demonstrates the comprehensive structure of the
multi-alignment framework, consisting of a Driver Agent, a
Coach Agent, and demonstrations from human drivers. In
this section, we first introduce the architecture and basic
workflow of the Driver Agent. Then we show how to
achieve multi-alignment through direct demonstration data
from human drivers and feedback from the Coach Agent
with human demonstrations.

A. Driver Agent

The Driver Agent acts as entities interacting with the sur-
rounding driving environment and making driving decisions.
It maintains an iterable, fixed-capacity short-term memory,
which stores the most recent memory units, promoting the
continuity and consistency of decision-making.

The workflow begins by capturing the current state and
environment information for perception, including the speed
and direction of the agent vehicle, the speed limits and
other restrictions of the current road, as well as the status
of other vehicles and pedestrians nearby. Next, it analyzes
the collected information alongside its short-term memory
to grasp the current situation. Following this analysis, along
with provided Demonstrations and Guidelines for multi-
alignment, the Driver Agent deduces the most appropriate
driving action at the moment. Here, the Driver Agent is
prompted to ’Think Step by Step,” employing a chain-of-
thought (CoT) reasoning strategy towards the final decision:

from behind which is traveling at a higher

"Reasoning": “The agent car can accelerate

"Integrated Guideline":"..."}
[PART 5] OUTPUT EXAMPLES

meters ahead in the same lane.",
"Reasoning": "Given the relatively short
distance and the difference in speed between
the two vehicles, the agent car should slow
down to ensure a safe following distance.”,
"Action": "speed_down"},

Example 2: ......

Example Response 2: ...

: The multi-alignment framework

“Given the rather faster speed of the vehicle ahead and
inability to change lanes, the agent car should match the
speed by gentle acceleration.”

Next, the Driver Agent selects the most matching ones
from a set of atomic driving operations as the step’s action
and performs. The ”Situation,” ”Reasoning,” and ”Action”
generated are then compiled into a memory unit and incorpo-
rated into the short-term memory, while the earliest memory
unit is popped out. Through the consistent repetition of this
process, the Driver Agent successfully crafts a sequence of
fluid and coherent driving maneuvers.

B. Multi-alignment through Demonstrations and Feedback

We construct a framework that could multi-align the Driver
Agent with human driving styles by adopting demonstrations
and feedback.

Demonstrations encompass representative  decision-
making processes of human drivers, featuring both cautious
and risky driving demonstrations. They are collected and
then organized into the form of the Driver Agent’s memory
units (with more details in Section III). Demonstrations
serve a dual purpose in alignment, being utilized by both the
Driver Agent and the Coach Agent. For the Driver Agent,
they serve as few-shot prompts, aiming to guide it towards
making driving decisions similar in style. And for the Coach
Agent, they are provided as ’Good’ examples, prompting it
to make evaluations with driving style preferences, further
generating guidelines that embody driving styles.

To implement feedback, a Coach Agent was established,
outfitted with a Guidelines module that compiles driving sug-
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gestions gleaned from continuous evaluations. It scrutinizes
the current short-term memory of the Driver Agent and issues
a judgment of ’Good’ or ’Bad’, along with the reason for this
judgement. The criteria for evaluation include whether the
decisions in the short-memory align with common driving
sense, conform to the requirements proposed in the Guide-
lines, and match the style of the provided *Good’ examples.
Should an evaluation yield a *Bad’ rating, the Coach Agent
formulates a new guideline addressing the suboptimal driving
decision. This new guideline is then assimilated into the
existing Guidelines repository.

III. DRIVING STYLE DATA COLLECTION
A. Natural Driving Experiment and Post-driving Interview

To gather authentic human driving behavior data for align-
ment, we conducted a natural driving experiment with human
drivers followed by a post-experiment interview. A total of
24 drivers were invited to participate in our data collection
experiment, covering different genders and age groups. No-
tably, in order to gather data on different driving styles, the
participants also included both seasoned professional drivers
and novice drivers with less driving experience.

To delve deeply into specific driving behaviors, we ini-
tially had each driver perform an urban road driving task
covering 13 driving conditions, with a total length of 5.7
kilometers. To faithfully recreate the entire driving process
during the following post-experiment interview, we set up
a roof-mounted 360-degree panoramic camera to record the
environment around the vehicle during task execution, an
in-car motion camera to capture the driver’s actions, as
well as an eye tracker to record changes in the driver’s
gaze. Additionally, real-time CAN-Bus data on the vehicle’s
status were recorded, including speed, the throttle and brake
percentage, and the turning of the steering wheel.

For safety reasons, drivers were not requested to verbalize
their thought processes while performing driving tasks. Right
after the natural driving experiment, drivers would participate
in a detailed post-experiment interview, which typically
lasted for 1.5-2 hours. During the interview, we used the
collected videos to recreate the task situation just experienced
by the driver. For each driving action (e.g. accelerating,
lane changing or turning), drivers were asked to recall and
describe the entire decision-making process, from evaluating
the surrounding environment to executing the corresponding
driving action. These interview data will assist in determining
the driver’s driving style, and also serve as the source of
Demonstrations in the Multi-alignment Framework.

B. Driving Style Selection and Data Organization

Having completed driving experiments and post-
experiment interviews, our next task is to differentiate the
drivers’ driving styles and organize the think-aloud data into
demonstrations of different styles.

The differentiation of driving styles is based on subjective
questionnaire results and objective driving records in driving
tasks. We distributed a MDSI questionnaire[35] to each
driver invited to participate in the experiment. The results

indicated the presence of four driving styles among the 24
drivers: risky, high-velocity, patient, and careful. Notably, the
risky style often coincided with the high-velocity style, while
the patient style typically appeared alongside the careful
style. Further analysis of the CAN-Bus data during driving
tasks revealed that 3 drivers exhibited speeds and throttle
percentages significantly above the average — specifically,
the average speed of all drivers was 6.40 m/s and average
throttle percentage was 23.09%, while average speed of
these 3 drivers respectively reached speeds of 7.73 m/s
(20.78% higher than average), 7.50 m/s (17.19% higher than
average) and 7.41 m/s (15.78% higher than average), and
average throttle percentages reached 29.09% (25.99% higher
than average), 24.42% (5.76% higher than average) and
24.37% (5.54% higher than average) — aligning with their
self-reported ’risky and high-velocity’ driving styles in the
questionnaire. Conversely, 2 other drivers had lower metrics
— with speeds of 5.15 m/s (19.53% lower than average)
and 5.28 m/s (17.50% lower than average) respectively, and
throttle percentage of 21.00% (9.05% lower than average)
and 21.34% (7.58% lower than average) — aligning with
their self-reported ’patient and careful’ driving styles in the
questionnaire. Additionally, a few drivers who reported to
have driving styles in the questionnaire did not show clear
trends in either driving data or interview records.

Therefore, we identified two basic driving styles: ’risky’
and ’high-velocity’ were merged into ’risky,” while "patient’
and ’careful’ were combined into ’cautious.” We reviewed
the interview data of drivers with risky driving styles and
those with cautious driving styles, selecting representative
decision-making processes that exemplify each driving style.
Then, we organized each process according to the decision
sequence into the format of ’Situation’, ’Reasoning’ and
’Action’, forming the final Demonstrations for alignment
with humans.

IV. EXPERIMENT

In this section, we validated the proposed Multi-alignment
Framework by exploring the following questions:

e Can Driver Agents with different driving styles be
constructed using human think-aloud data?

o Which alignment method can efficiently achieve human
alignment of driving styles?

To this end, we implemented the Multi-alignment Frame-
work on CARLA—a high-fidelity traffic simulator. A simu-
lation experiment was carried out under urban driving con-
ditions, upon which we further conducted a user experiment
to collect human evaluations of its performance.

A. Conditions

The experiment adopts an approximate 3 x 3 with-in
subject design with two main variables: Driving Style [CAU-
TIOUS (C), RISKY (R)and NOT-ALIGNED (N)] and Align-
ment Method [DEMONSTRATIONS (D), FEEDBACK (F)and
MULTI-ALIGNMENT (M)]. Fig. 2 shows the general design
of different conditions.
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Fig. 2: Experiment conditions

In terms of Driving Style, we compared the effects of using
CAUTIOUS driving demonstrations, RISKY driving demon-
strations, and no demonstrations (i.e., NOT-ALIGNED).

Alignment Method was organized in an ablation format,
with conditions including DEMONSTRATIONS, FEEDBACK,
and MULTI-ALIGNMENT (i.e., the full alignment framework).
The DEMONSTRATIONS condition involves Driver Agents
provided with demonstrations, and the FEEDBACK condition
involves Driver Agents without demonstrations and Coach
Agents that were provided with demonstrations, while in the
MULTI-ALIGNMENT condition, both Driver Agent and Coach
Agent were provided with demonstrations.

B. CARLA Simulation

1) Set-up: The simulation experiment setup involved a
ThundeRobot Zero desktop computer as the hardware foun-
dation. The simulation environment was built upon the
CARLA simulator, specifically, version 0.9.14* and operated
on Python 3.7 with Unreal Engine 4*. We use the map
Town10, a typical urban driving scene, with both the number
of other vehicles and pedestrians in the scenario set to 60.
And Audi TT was the designated vehicle for all experiments,
with fixed starting and continuously, randomly generated
ending points for its path (After a vehicle is generated at
a predefined fixed point, a random endpoint is generated.
Upon reaching the endpoint, another endpoint is randomly
generated, and so on.).

We leverage OpenAl’s GPT-4° APIs for constructing both
the Driver Agent and the Coach Agent. However, it takes
several seconds for GPT to generate a response, which is
too long in a driving context for making immediate decisions.
Therefore, we slowed down CARLA’s simulation time based
on the required token count by setting a fixed time-step
of 0.0008-0.0015. After modification, a control command is
received approximately every 0.2 seconds of simulation time.

3http://carla.org/2022/12/23/release-0.9.14/
‘https://docs.unrealengine.com/4.27/en-US/
Shttps://openai.com/gpt-4

Each simulation process is recorded on video. Addition-
ally, to collect vehicle status information during the simula-
tion, we initiated a log-collector thread to accumulate log on
collisions, speed, throttle percentage, and brake percentage
from the agent vehicle on a second-by-second basis.

2) Metrics: Here, we introduce three metrics to evaluate
the driving performance of the Driver Agent: collision rate,
speed, throttle percentage, and brake percentage.

o Collision rate: The number of collisions can be obtained
from the log, with distance traveled being cumulative
up to the last collision. The calculating formula is
Collisions per Meter = g;;;’;l:f; [’qfrﬁf’elllei;“(’zs)

o Speed: The statistical measures for speed include the av-
erage speed of the agent vehicle during each simulation
and the segmented average speed per minute (simulator
time). All calculations of average speed exclude zero
values to minimize the impact of the agent vehicle
waiting at traffic signals and in traffic jams.

o Throttle percentage & brake percentage: The statistics
for throttle and brake percentages are also divided into
overall average values and segmented average values
per minute. Similarly, all calculations exclude data from
when the agent vehicle is stationary.

3) Results: We conducted approximately 50.3 hours of
simulation experiments under various conditions, which cor-
responds to an average of about 6.7 minutes of driving per
condition for the agent vehicle on the simulation platform.
The average distance the agent vehicle traveled per condi-
tion was approximately 1.5 kilometers. To prevent a single
collision from affecting subsequent simulations, after each
collision is recorded, other vehicles involved (if any) are
removed, and the agent vehicle is repositioned to ensure the
simulation does not stall due to the collision. Notably, we
adjusted the algorithms controlling other vehicles and pedes-
trians to make them more prone to sudden maneuvers (e.g.
abrupt lane changes, running red lights). These edge cases
aim to increase the risk level of the driving environment for
the agent vehicle, making its driving style more observable.

Fig. 3a displays the collision rates per meter for the
agent vehicle calculated under different conditions. Agents
aligned with the RISKY driving style overall exhibit higher
collision rates, while those aligned with the CAUTIOUS
driving style show lower collision rates overall. Additionally,
when aligned with CAUTIOUS driving style, the MULTI-
ALIGNMENT method displayed the lowest collision rate
while the DEMONSTRATIONS method displayed the highest,
and when aligned with RISKY driving style, the MULTI-
ALIGNMENT method showed the highest collision rate while
the DEMONSTRATIONS method displayed the highest. When
NOT-ALIGNED, the collision rate for the DEMONSTRATIONS
method is higher than that for the FEEDBACK method.

Fig. 3b presents the average throttle percentage, brake
percentage, and speed of the agent vehicle during the driving
process under different conditions, with all calculations ex-
cluding data from when the agent vehicle was stationary.
When using the same alignment method, agents aligned
with the RISKY driving style had the highest average speed,
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Fig. 3: Simulation experiment results for predefined metrics.

highest throttle percentage, and lowest brake percentage,
while agents aligned with the CAUTIOUS driving style had
the lowest speed, lowest throttle percentage, and highest
brake percentage. When aligned with the CAUTIOUS driving
style, the average speed and throttle percentage decrease
while the average brake percentage increases across the
DEMONSTRATIONS, FEEDBACK, and MULTI-ALIGNMENT,
in that order. The opposite trend is observed when aligning
with the RISKY driving style. When NOT-ALIGNED, the aver-
age speed and throttle percentage for the DEMONSTRATIONS
method are higher than those for the FEEDBACK method,
while the average brake percentage is lower.

4) Findings: Based on the hypothesis that agents with
more cautious driving styles are safer, agents can exhibit cor-
responding driving styles by aligning with different driving
styles. MULTI-ALIGNMENT was the most effective method,
displaying the most significant differences in collision rates,
average throttle, brake, and speed between cautious and risky
driving styles, while DEMONSTRATIONS were less effective.

C. Human Evaluation

1) Procedure: We designed two survey questionnaires to
collect human drivers’ evaluations of the Driver Agent’s
performance, which was presented to participants in the
questionnaire through video clips of the simulation, with
about 30 seconds of driving footage captured for each
experimental condition.

In Part I of the first questionnaire, we initially collected
basic information (e.g. age, gender, whether holding a driving
license) from participants. A partial MDSI self-assessment
was also included, with items covering indicators of risky
and careful driving styles from the MDSI.

In Part II, the video clips are divided into four groups:

o Demonstrations Group: {DEMONSTRATIONS CAU-
TIOUS (DC), DEMONSTRATIONS NOT-ALIGNED (DN),
DEMONSTRATIONS RISKY (DR)}

o Feedback Group: {FEEDBACK CAUTIOUS (FC), FEED-
BACK NOT-ALIGNED (FN), FEEDBACK RISKY (FR),
DEMONSTRATIONS NOT-ALIGNED (DN, serving as
baseline in this group)}

o Cautious Group: {DEMONSTRATIONS CAUTIOUS (DC),
FEEDBACK CAUTIOUS (FC), MULTI-ALIGNMENT CAU-
TIoUs (MC)}

 Risky Group: {DEMONSTRATIONS RISKY (DR), FEED-
BACK RISKY (FR), MULTI-ALIGNMENT RISKY (MR)}

Each group of video clips will appear in a random order,
accompanied by a ranking question requiring participants to
rank the driving styles in the videos according to their level
of riskiness (a smaller number indicates more risky) and a
reason question for explaining their rankings.

Parts I of the second questionnaire are identical to the
first questionnaire. In Part II, participants were instructed to
watch all of the eight videos clips, which were also organized
in a random order, with three scoring questions respectively
investigated the intelligence level, riskiness level and human-
likeness level of the agent vehicle (all from 0 to 10) and a
reason question attached below each clip.

Additionally, to filter out carelessly completed question-
naires, we set a minimum answering time and included trap
questions in the questionnaire, which required participants to
select a certain option.

2) Participants: We recruited over 200 participants
through a third-party recruitment channel provided by the
survey platform, offering a compensation of approximately
$2.08 per valid questionnaire completed. Additionally, our
team of five researchers also shared our questionnaires on
social media platforms, recruiting over 60 participants.

All 270 participants verified in the questionnaire that they
possess a driving license. Among them, there were 141
male participants, accounting for 52.22%, and 129 female
participants, accounting for 47.78%, with ages ranging from
19 to 54 years old.

3) Data Analysis: For both questionnaires, we first cat-
egorized participants’ driving styles based on the results
from Section I. The formula for calculating the driving
Style score is Sdriving style = Eorisky - ZocautiouSv where
Orisky Tepresents the option made by participants for each
risky indicator, while o0.qutious represents the option for
each cautious indicator (with two negative indicators within,
where options are included as negative values). The higher
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Fig. 4: Human evaluation results.

the driving style score, the more a participant’s driving style
tends towards being risky.

For Part II of the first questionnaire, we calculated the
rankings obtained by different video clips in the ranking
question following each group of video clips, as well as the
statistical significance between their rankings.

For Part II of the second questionnaire, we separately
tallied the results of the three scoring questions after each
video clip, representing the agent vehicle’s intelligence,
riskiness, and human-likeness.

Additionally, we scrutinized all the answers to the reason-
ing questions in both questionnaires, summarizing supports
for judging the driving behaviors of the agent vehicles.

4) Results: We distributed two questionnaires for 3 days
and received a total of 259 valid responses after screening,
with 198 for the first questionnaire and 59 for the second.
The driving style statistics in part I are highly diverse. With
an average score of 0.61, 34 participants scores below -4
(suggesting a cautious driving style), while 37 participants
scores over 5 (suggesting a risky driving style), indicating
good representativeness of our results.

Fig. 4a shows the rankings of riskiness for different video
clips in each group from the first questionnaire, with higher
rankings indicating higher riskiness.

In both the demonstrations and feedback groups, the
rankings for DC and FC were significantly lower than those
for other videos in the same group, indicating that they
were perceived as the least risky. One participant explained
choosing DC as the least risky in the Demonstration Group,
noting, “The car ran stably without veering left or right.”
Another participant cited their reasoning for deeming FC the
least risky in the Feedback Group, stating, “If waits for the
pedestrian ahead to pass by.”

When NOT-ALIGNED, the riskiness of FN decreases com-
pared to DN, with multiple participants noting DN’s ”’Decel-
erate too slowly when approaching a pedestrian crossing.”
However, DN shows no significant difference when com-
pared to either DR or FR, because they “all look very risky”

In the cautious group, the ranking of riskiness goes
significantly as DC > FC > MC, indicating that MULTI-

ALIGNMENT has the best alignment effect, with DEMON-
STRATIONS being the least effective. The majority of par-
ticipants attributed the rankings to ”Driver x (DC) performs
lane changes a bit too quickly, whereas driver y (MC) not
only waits for pedestrians but also yields to other vehicles.”

Similarly, the DEMONSTRATIONS method also showed the
poorest alignment effect in the risky group, with MR slightly
better than FR but not significant.

Fig. 4b presents the results of the correlation analysis
among participants’ scores for riskiness, human-likeness, and
intelligence for the same video clip in the second question-
naire. It can be observed that humans tend to associate higher
riskiness with lower intelligence, and higher intelligence with
greater human-likeness. Interestingly, despite cautious driv-
ing being safer, humans still tend to associate higher riskiness
with greater human-likeness. One participant remarked, "It
(MR) is really like an experienced driver who is showing off
his driving skills.”

5) Findings: The human evaluation results indicated a
clear distinction in perceived riskiness between different
driving styles. Agents aligned with cautious driving were
consistently rated as less risky, particularly under the multi-
alignment condition, which was proven to be the most
effective for aligning driving styles. Demonstrations alone
showed the least effectiveness in both cautious and risky
conditions. Additionally, there is an interesting psychological
insight that despite associating cautious driving with safety,
participants tended to equate higher cautiousness with less
human-likeness, reflecting a complex perception of human
driving behavior.

V. CONCLUSIONS

This paper presents a novel multi-alignment framework for
aligning LLM-powered Driver Agents with human driving
styles. Through a comprehensive set of experiments and
evaluations, we successfully demonstrate that Driver Agents
can be tailored to exhibit distinct driving styles—risky and
cautious—by leveraging human driving data as chain-of-
thought prompts. The framework’s effectiveness is validated
through simulation experiments in the CARLA urban traffic
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simulator and further corroborated by human evaluations.

By illustrating the potential of LLMs in achieving nuanced
human-agent alignment, this work opens new avenues for
research into autonomous driving technologies that cater
to individual preferences. By encoding the intricacies of
human driving behaviors in a format accessible to language
models, this work paves the way for more intuitive and
effective human-agent alignment across a broad spectrum of
applications beyond autonomous driving. Additionally, the
insights into human perceptions of riskiness and human-
likeness in driving styles underscore the complexity of align-
ing autonomous agents with human expectations and behav-
iors, highlighting the importance of further interdisciplinary
research in this area.
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